Protein contents in platelets are frequently changed upon tumor development and metastasis.
Introduction
Increasing evidence suggest cross-talk between tumor cells and circulating platelets as a major driving force behind cancer progression and metastasis. 1 This cross-talk is highly multifaceted: On the one hand, platelets can adhere to circulating tumor cells (CTCs), helping them evade immune surveillance, survive shear stress of blood flow, and promote their tethering and arrest to capillary blood vessel walls. Moreover, by direct binding or via soluble mediator molecules, activated platelets can induce tumor growth, epithelial-mesenchymal transition, and promote angiogenesis and tumor cell establishment at distant sites. 1-5 Vice versa, tumor cells can also activate platelets in multiple ways, resulting in so-called tumor-educated platelets (TEPs), 3, 6 by direct binding of CTCs to specific molecules on the platelet plasma membrane (PM), including P-selectin, integrins, glycoproteins, and mucin-binding receptors, and by extracellular release of bioactive compounds, such as thrombin, adenosine diphosphate (ADP) and thromboxane A2 (TXA2). Moreover, extracellular vesicles (EVs) [2] [3] [4] from tumor cells can adhere to P-selectin on the platelet PM, 7 then merge with the PM, whereby their content of tumor-derived proteins or RNA can be sequestered by the platelets.
Altered contents of specific proteins in circulating platelets, have been found both in mice bearing human malignant tumor xenografts, 8, 9 and in patients with different, newly diagnosed metastatic diseases. 10 Such alterations, ascribed to activation-specific protein storage, release and uptake in the platelets, [11] [12] [13] [14] but also to RNA uptake from EVs, followed by altered protein expression by the platelets themselves, 2, 3, 6 can be found by several methods, including 2Delectrophoresis, mass spectrometry, fluorescence-based flow cytometry and confocal laser scanning microscopy (CLSM). 10, 11, 15 However, to be able to identify specific activation states of platelets, and to resolve the open question of how platelets specifically can regulate uptake and release of certain proteins, more information than the mere content of specific proteins in the platelets is required.
In platelets, alpha-granules are the largest (200-500nm in diameter) and most abundant secretory granules (50-80/cell), containing a variety of proteins regulating angiogenesis, coagulation, cell proliferation, adhesion, and immune responses. 3, 12, 13, 16 Platelet releasate 15 and CLSM co-localization studies 11 suggest that selective release of proteins is possible because there are different sets of proteins in the individual alpha-granules, which then can be selectively released depending on stimulus. Higher resolution studies by electron microscopy (EM) 17 and fluorescence super-resolution microscopy (SRM) 18, 19 however, rather indicate that proteins are stored in clusters within individual alpha-granules, down to 50nm in diameter, and with highly segregated protein cargo. Other studies suggest kinetic differences in the release as a mechanism for selectivity, 13, 20 and intra-granular protein cargo segregation with alternative routes to and fusion with the open canalicular system (OCS) and the PM. 12 Such mechanisms can be expected to be reflected in redistribution of P-selectin and other membrane proteins within the platelets upon activation. P-selectin is a cell adhesion protein, found predominantly in endothelial cells and platelets. In resting platelets, P-selectin is mainly localized in the alpha-granule membranes. Upon platelet activation, it can get exposed on the platelet PM surface, thereby mediating platelet-tumor cell interactions and playing a major role in tumor cell thrombus formation, adhesion to blood vessel walls, extravasation and metastasis. 16, [21] [22] [23] P-selectin is used as a biomarker for platelet activation, is often increased in cancer patients, 4, 24 while decreased numbers of thrombi and metastases have been observed in P-selectin-deficient colon carcinoma mice models. 4, 23, 25, 26 With many of the underlying mechanisms leading to TEPs not understood, as well as with limited evidence for alternative fusion routes of granules and how they may depend on type and character of platelet stimulation, we acquired and analyzed high-resolution SRM images on how P-selectin and other proteins redistribute in platelets upon different activations as a means to resolve these questions.
SRM techniques show promise to reveal many un-resolved details in the tumor cell-platelet interactions. 13, 27, 28 In previous work, 19, 29 we introduced fluorescence-based, stimulated emission depletion (STED) SRM to study distribution patterns of specific proteins in platelets upon activation. For such analyses, STED imaging combines the major advantages of immunofluorescence CLSM and immuno-gold EM: high spatial resolution, high degree of labelling, extensive and perturbative sample preparations can be avoided, and studies of larger numbers of intact platelets are feasible. Among the proteins studied (pro-angiogenic VEGF, anti-angiogenic PF-4 and Fibrinogen (Fg)), we found clear differences in sizes, numbers and spatial distributions of their regional clusters, without significant co-localization between the proteins, indicating that the proteins are stored differently in the platelets. Upon distinct activations by well-known platelet activators (thrombin and ADP), rearrangements occurred, which were specific for a certain protein and activation, indicating different release and uptake mechanisms.
Here, we show that STED imaging can not only detect specific protein distribution patterns in platelets upon distinct activation by known agents, but also detect and identify the influence of different cancer cells on protein distribution patterns in platelets. Specifically, we studied the distribution patterns of the proteins P-selectin, VEGF, and Fg, implicated in tumor progression and metastasis, and Erp29, overexpressed in platelets from ovarian cancer patients. 30 Freely diffusing platelets, incubated with cancer cells, showed distinctive changes in the spatial distribution patterns of P-selectin, but not for the other proteins. These changes were to a significantly lesser extent, if at all, found in platelets incubated with normal cells.
Further, we developed an image analysis of the platelet STED images with their P-selectin distribution patterns, which allowed us to classify platelets exposed to cancer cells, nonactivated platelets, and platelets exposed to non-cancer cells or to soluble activators, in an objective and automated manner. Finally, we discuss how our findings relate to previous observations of the interplay between tumor cells and platelets. We conclude that STED imaging, combined with image analyses of specific protein distribution patterns within the platelets, adds important information for identification of specific platelet activations, and can thus have a role in future platelet-based cancer diagnostics and therapeutic monitoring. The presented approach can also bring further clarity into fundamental mechanisms for cancer cell-platelet interactions, and offers extended possibilities to identify and analyse cells subject to non-contact cell-to-cell interactions in general.
Experimental

Platelet isolation, incubation of platelets with cell lines and fixation.
Fresh blood was drawn from healthy donors, having no medicine intake two weeks before sampling, collected in 3.8% (g/ml) trisodium citrate, and centrifuged (150*g, 20min) at RT without break. The platelet rich plasma (PRP) fraction was then obtained from the supernatant, as previously described. 29 Five different cell-lines were used for co-culturing: the breast cancer cell-lines MCF7 and MDA-MB231, the ovarian high-grade serous cancer cell-line EFO21, and the immortalized non-cancer cell-lines 184A1 and MCF10A as control cells. 500l of the cell suspensions (2×10 5 cells/ml) was seeded on polylysine-coated coverslips in a 24-well plate and incubated at 37ºC for 6 hours. 5×10 7 platelets in enriched PRP were then added to each well in 600l, together with serum-absent medium to avoid nonspecific activation of the platelets.
Suspensions of the freely diffusing platelets were incubated with the cells for 2 hours at 37ºC , and then fixed with 2% paraformaldehyde. The fixed platelets were spun down (1000*g, 10min, 22ºC), and then diluted with an equal amount of BSA buffer (pH 7). As additional controls, platelet samples were also prepared without co-culturing, but otherwise as described above, In three such samples, ADP (10 mM for 5 min immediately before fixation), thrombin or TXA2 (0.1U/ml and 1µM, respectively for 10 min immediately before fixation) was separately added as a platelet activator, as previously described. 19 
Immunostaining
The immunostaining essentially followed previously established protocols. 19 Sheep antimouse and goat anti-rabbit antibodies (Dianova, Hamburg, Germany) were conjugated with the fluorophores ATTO 594 and ATTO 647N, respectively (Atto-Tec GmbH, Siegen, Germany). Mouse monoclonal antibodies were used for targeting human P-selectin (Novus Biologicals, Europe), Erp29 (BD Science, Europe) and Fg (Santa Cruz Biotechnology, Heidelberg, Germany), rabbit polyclonal antibodies (Santa Cruz Biotechnology, Heidelberg, Germany) were used for human VEGF and Fg. Unless otherwise stated, DPBS was used throughout the study as buffer. Fixed platelets were permeabilized with Triton X-100 (0.5%, 10min), blocked for nonspecific binding with bovine serum albumin (1% w/v, Sigma, Sweden) for 1 hour at RT, then washed 3 times with DPBS, and incubated overnight (4ºC, moist atmosphere) with primary antibodies against Erp29 (2g/mL) and VEGF (2.5g/mL), of Fg (2.5g/mL) and P-selectin (2g/mL). The samples were then washed 3 times with DPBS, incubated with the secondary antibody (3μg/mL) for 1h in RT, and then washed three times before being mounted onto microslides with Mowiol-Dabco mounting medium (Sigma, Sweden).
STED imaging
STED imaging was performed with an instrument (Abberior Instruments, Göttingen, Germany), built on a stand from Olympus (IX83), with a four-mirror beam scanner (Quad scanner, Abberior Instruments), and modified for two-color STED imaging: Two fiber- to suppress any scattered light from the STED laser. In this study, a spatial resolution (FWHM) of about 25nm could be reached. Image acquisition, including laser timing/triggering and detector gating is controlled via a FPGA-card and by the Imspector software (Abberior Instruments). To reduce noise in the STED images a Gaussian smoothing filter (built-in smoothing function in ImageJ Fiji) was used. In the STED images, protein cluster sizes and numbers of clusters within the platelets were determined by an automatized algorithm written in MATLAB R2013b , as previously described. 29 
Computer analyses
All code was custom written in MATLAB R2013b except for the dictionary learning. The dictionary learning was written in Python 3.5 implementing the Scikit package 31 which is a free Python package for utilizing different kinds of machine learning tools. This package includes several options for tuning different parameters within the dictionary learning algorithm, the Orthogonal Matching Pursuit algorithm (OMP) 32 and the structural similarity (SSIM) norm, 33 which affects the outcome of the analysis. However, we found that the default setting of these parameters and with SSIM set to 'dynamic range' gave the best results without further need for tuning.
Results:
STED imaging of VEGF, Erp29, Fibrinogen and P-selectin in resting platelets, when incubated with cancer and non-cancer cells, and upon activation by ADP
Distribution patterns of VEGF, Erp29, Fibrinogen and P-selectin in platelets were separately imaged by confocal and high-resolution STED imaging, with a resolution down to 25 nm (see Methods section). Images were acquired from about 100 individual platelets (see caption Figure 1 for exact numbers), for each of the proteins and for each of the following activation conditions (see Methods section); platelets exposed to ADP, non-exposed platelets (resting), and platelets incubated with three different tumor cell-lines: MCF7, MDA-MB231, EFO21. In the STED images, spatial distribution patterns of the studied proteins within the platelets could be resolved on a sub-granular level ( Figure S1 ). VEGF and Fibrinogen were found to be spatially confined to smaller sub-granules/clusters less than 100nm in diameter, presumably within the alpha-granules, as previously reported. 19, 29 Similar small clusters in the platelets were also found for Erp29.
The distribution patterns of VEGF, Erp29 and Fibrinogen in non-activated platelets and in platelets subject to the different types of activation were analyzed, and protein cluster sizes and numbers of clusters within the individual platelets were determined, as previously described ( Figure 1 ). 29 For platelets subject to ADP activation, distinct differences in protein cluster size and/or number of clusters could be observed for VEGF and Fibrinogen, in agreement with our previous studies, 19 and also for Erp29. However, in platelets incubated with tumor cells, no significant differences compared to non-activated platelets were found in the cluster sizes or numbers for these three proteins (Figure 1 ), and also not in their overall spatial distribution patterns within the platelets. 
P-selectin frequently forms into circular nanostructures in platelets incubated with cancer cells
In contrast to VEGF, Erp29 and Fibrinogen, P-selectin was not found to be confined to smaller clusters. Moreover, differences in the spatial distribution patterns were found not only upon activation by ADP, but also when incubated with the three tumor cell types. The STED images from these platelets reveal circular patterns in a significant fraction of the platelets (Figure 2A ). These circular patterns have a diameter of about 200-400nm ( Figure S2 ), consistent with the size of platelet alpha-granules. 3, 12, 13, 16 These patterns were found to a much lesser extent, if at all, in platelets not incubated with tumor cells, with or without ADP added. To investigate if formation of the circular patterns of P-selectin are particularly triggered by the presence of the tumor cells, or if presence of corresponding benign cells also yields similar P-selectin patterns, we imaged P-selectin in platelets, prepared in the same way, but now instead incubated with immortalized non-cancer cells (184A1, MCF10A). Also for this category of platelets, the STED images give at hand that P-selectin organizes into these circular patterns to a far lesser extent than in platelets exposed to the tumor cells. This indicates that tumor cells influence the platelets to re-distribute their content of P-selectin and possibly also their alpha-granules. It can further be noted that the P-selectin re-distribution, readily observable with high-resolution STED imaging, cannot be detected by confocal microscopy with diffraction-limited resolution ( Figure 2B ).
P-selectin in platelets activated by ADP, thrombin and TXA2 do not show the frequent circular patterns found in platelets incubated with cancer cells.
ADP has been found to be released by several different tumor types, 3, 34 and the same differential release of VEGF have been reported for platelets activated by either ADP or by MCF7 breast cancer cells, 15 suggesting similar activation mechanisms. In our study however, the protein distribution patterns in platelets exposed to ADP were clearly distinguished from those in platelets incubated with tumor cells. Differences were evident both from sizes and numbers of VEGF, Fibrinogen and Erp29 clusters in the platelets (Figure 1) , and in the spatial distribution of P-selectin ( Figure 2A ). This suggests different re-distribution mechanisms and that the re-distribution of P-selectin in platelets incubated with tumor cells is not primarily mediated by ADP. To further explore possible mediators of platelet activation, we investigated how the spatial distribution of P-selectin in the platelets is altered upon activation by the major platelet activation agents, TXA2 and thrombin, reported to be directly secreted by different cancer cells. 3, 4, 34 Upon thrombin activation, a clear accumulation of P-selectin in the periphery of the platelets was observed (Figure 2A ), well in agreement with the common view of thrombin, mobilizing P-selectin to the platelet surface. 3, 4 With TXA2 activation, we could also see a clear difference in the P-selectin distribution with P-selectin then distributed over a significantly larger area in the platelets (Figure 2A ). However, neither thrombin-nor TXA2-activation generated the frequent circular patterns of P-selectin found in platelets incubated with cancer cells.
Figure 2.
Representative images of P-selectin labeled platelets for all the different activation conditions. A High resolution STED images with a resolution down to 25nm. B Corresponding confocal images, imaged from the same samples as shown in A. With the resolution achieved by confocal microscopy (~250nm) it is difficult to see any differences between the P-selectin labeled platelets. However, with the resolution offered by STED imaging (~25 nm) clear circular patterns is revealed for some of the platelets. In the images shown in A, a circular P-selectin pattern is clearly seen in the images of platelets incubated with MB231 and MCF7 cells. Scale bars 1 µm.
Manual, blind classification of platelets, based on their P-selectin distribution patterns
We next investigated if the re-distribution of P-selectin in platelets incubated with tumor cells can be used to identify such platelets among other platelets. First, STED images of P-selectin in platelets were subject to a blind classification procedure: By visual inspection of all Pselectin STED images, we defined three categories of platelets from the P-selectin distribution patterns in the platelets, based on the visibility of circular patterns in the platelets: Not visible, Discernible, and Clearly visible ( Figure 3A ). All platelet images were then classified into one of these three categories, in a blind manner, with each image displayed at random, and with no information about what activation condition the imaged platelet was subject to. The outcome of this classification ( Figure 3B ), confirms that platelets exposed to tumor cells display a higher incidence of circular patterns of P-selectin than platelets exposed to benign cells, or to no cells at all, and that a manual classification is feasible. Next, we investigated if the manual classification procedure above could be replaced by an automatized, objective classification of the platelet images. For this purpose, we implemented an algorithm based on dictionary learning (Python, Scikit package). 31 Here, a dictionary of image elements is built (trained) from a larger number (≥10 4 ) of example images (training data), in our case ideally from STED images of platelets incubated with tumor cells. However, not having this large number of experimental example images at hand, we instead used simulated images as basis for training the dictionary used in the classification (schematically described in Figure 4A ). These computer-simulated platelet images were generated to have cluster-like structures randomly distributed in the platelets (further details in S3). While training the dictionary, we enforced sparsity, i.e. that images in the training data are expressible as a linear combination of the elements in the dictionary using the least possible number of elements. The recorded STED images could then be classified, based on how well they could be reconstructed from the best possible linear combination of dictionary elements, i.e. to what extent their P-selectin distribution patterns deviate from the semi-random distributions in the images used to create the dictionary. The sparse representation of a platelet image in terms of elements in a trained dictionary was computed using the Orthogonal Matching Pursuit (OMP) algorithm 32 , which iteratively selects the best dictionary elements based on a certain similarity measurement to approximately obtain the sparsest representation of the image.
The platelet image reconstructed from the trained dictionary is then compared with the original image, based on a Structural Similarity (SSIM) norm, 33 which yields a number between 0 and 1, depending on the degree of similarity. An SSIM norm value is thereby assigned to every experimental P-selectin platelet image. Plotting the cumulative fraction of images reaching a certain SSIM norm value for the different types of platelet activation allows one to clearly distinguish platelets exposed to tumor cells from platelets exposed to benign cells, or to no cells at all, and also from ADP-activated platelets. Interestingly, the resulting classification pattern for these categories of platelets ( Figure 4B) is quite similar to that obtained from the manual classification ( Figure 3B ), but is based on an automatized, objective classification. However, for thrombin-and TXA2-activated platelets there is a difference between the two categorizations. While the manual categorization suggests no clearly visible circular P-selectin patterns, the automatized categorization indicates that the distribution of P-selectin in these platelets significantly deviates from a random one. 
Radial distribution of P-selectin used as an additional classification feature
To further improve the classification, and allow this classification to comprise all platelet categories in this study, we investigated if the radial distributions of P-selectin in the platelets could be used as an additional classification feature, obtained as intensity traces along lines drawn in the platelets, from their centers of mass to their peripheries, in 72 different directions within each platelet ( Figure 5A and S4: Equation S1).
Figure 5.
Radial distribution analysis of P-selectin labeled platelets and histograms constructed from both the dictionary learning outcome and the radial distribution. A1 72 lines, with an angle of 5° between them, drawn from the center of mass of a representative platelet stained for P-selectin (here the platelet was activated by incubation with tumor cell-line EFO21). Scalebar 1 µm. A2 An example of an intensity trace taken along one of the lines in A1 (this particular intensity trace corresponds to the horizontal line going from the center out to the right). B Average radial distribution of platelets for all the different activation conditions normalized such that maximum value = 1 for easier comparison. C1 Histograms constructed of all of the SSIM values for all the different activation conditions separately.C2 Histograms of the m1 parameters (as calculated by eqn. S2) constructed for each activation condition separately. C3 Histograms of the m2 parameters (as calculated by eqn. S3) constructed for each activation condition separately. All histograms were normalized such that the area underneath them equals unity.
The average radial distributions of P-selectin, calculated for the different platelet categories (figure 5B) are all very similar, except for the distributions in thrombin-and TXA2-activated platelets, in which P-selectin was distributed over a significantly larger area (average diameter of 4-5m and 3m for TXA2-and thrombin-activated platelets, respectively, about twice as large as observed for the other activation conditions). Therefore, if both the radial distribution and dictionary learning (SSIM) analyses are taken into account, a more accurate categorization should be possible, comprising also the thrombin-and TXA2-activated platelets. For each platelet, we calculated the first and second order moments ( 1, 2) of their radial distributions. (S4: Equations S2 and S3), and then constructed histograms of the obtained SSIM, 1 and 2 values for all platelet categories ( Figure 5C ). Using these histograms as probability distributions the probability for a platelet with given set of SSIM, 1 and 2 to belong to a certain category can then be calculated and used for categorization (S5). To test this categorization, we imaged 10 test platelets for each activation condition (their parameter values not included in the histograms) and calculated the corresponding SSIM, 1 and 2 values for each of these platelets, and the probabilities that they belonged to the different categories. The outcome of this analysis ( figure 6) indicates that all platelets can be categorized in an automatized and accurate manner, including thrombin-and TXA2activated platelets. Even for resting platelets, with the worst classification (5 of 10 categorized correctly as resting platelets), the probability that ≥5 platelets would be assigned to another specific category than the correct one is small (<4%). Figure 6 . Categorization of different activation conditions based on SSIM values and first and second order moments of radial distributions, calculated from 10 individual platelets in each activation category. Rows show the activation category of the tested platelets. Columns show the activation category the tested platelet was categorized into. Values in the table are the fraction in % of platelets categorized into respective column. The two last columns shows the probability, based on the outcome of this categorization, for categorizing 5 or more platelets into one of all the false categories, and to categorize 5 or more platelets into the correct category (i.e. 5 or more platelets are truly categorized).
Discussion
In this study, we introduce STED SRM to investigate how tumor cells, incubated with freely diffusing platelets, influence how the platelets store proteins involved in tumor development and metastasis. While no significant effects could be observed on the storage patterns of VEGF, Erp29 or Fibrinogen, we found that tumor cells influence the P-selectin distribution within the platelets, in a way not found for benign cells. Moreover, the circular distribution patterns of P-selectin in tumor cell-exposed platelets were rarely found in platelets subject to ADP, TXA2 or thrombin activation, indicating that release of these compounds from the tumor cells is not a sole or major mechanism behind the altered P-selectin patterns in the platelets.
The high incidence of circular patterns of P-selectin in platelets incubated with tumor cells may seem to contradict the view of P-selectin as a general surface biomarker of platelet activation. 4, 35 However, these patterns could be consistent with both accumulation of Pselectin in the membrane of the alpha-granules, and with transfer of P-selectin to the PM of the platelets. EM studies have shown that upon platelet activation the alpha-granules tend to migrate to the center, become closely apposed, and prior to exocytosis and cargo release, to fuse with one another, with the platelet PM, or with the tunneling membrane invaginations of the OCS. 3, 12-14, 16, 36 Similar microstructural changes have been observed in platelets from patients with non-small cell lung cancer. 37 In platelets incubated with tumor cells, we see circles of P-selectin in the center, consistent with the reported migration of alpha-granules to this region. The fact that we don´t see a peripheral pattern of P-selectin in these platelets, as we see in platelets activated by thrombin, could mean that the fusion of alpha-granules with the plasma membrane is halted at this stage. Alternatively, it has been reported that while the alpha-granule contents are released upon membrane fusion, the alpha-granule membrane "ghost" can remain as a pore or opening in the PM or OCS. 13 EM studies do not exclude clustering of P-selectin in discrete regions in the PM following activation, 35 and have also identified that platelets can display different routes of alpha-granule fusion upon activation. 38 Platelet activation can trigger the exposure of the OCS. 3, 16 Thereby, P-selectin and other granule membrane proteins also get incorporated into the PM, but may remain within a circular shape of an alpha-granule membrane "ghost", or within a circular "nozzle" of the OCS.
This work shows the benefits of fluorescence-based STED imaging in studies of protein storage, uptake and release in platelets. For these studies, conventional CLSM, with a resolution of 250-300nm, is clearly insufficient ( Figure 1B) . EM has the necessary resolution, but requires extensive and perturbing sample preparations, and protein labelling with metallic nano-beads with orders of magnitude lower labelling efficiencies than in immunofluorescence labelling. 39 STED imaging combines spatial resolution down to sub-granular level, high degrees of labelling, and no requirements for extensive and perturbing sample preparations.
This suggests a major role for STED imaging in platelet studies, of their protein uptake, storage and release mechanisms, how they are influenced by tumor cells, and of how this can contribute to tumor growth and metastasis. 19, 28, 29 This study also demonstrates that STED images of P-selectin in platelets can be used to identify platelets exposed to tumor cells, from platelets exposed to non-cancer cells, from platelets activated by ADP, TXA2 and thrombin, and from non-activated platelets. Apart from manual, blind classification, we show that classification can also be done in an automatic, objective manner, using dictionary learning. While classification in a clinical context would be much more complex, further improvements in the classification are also possible, by analysing more platelets, additional distributions of proteins in the platelets, and by improved analyses. In our analysis, we used 20000 simulated images as training set to create a dictionary for image reconstruction. With a corresponding number of experimental STED images available, representing each of the different platelet activation conditions to be classified, considerable refinements of this classification will be possible.
Platelets and their characteristics have in the last few years emerged as a potentially very valuable source of diagnostic information. In cancer patients, several platelet features are affected and can be analysed, 40 including content of specific proteins and platelet mRNA, 41 activation state (e.g. monitored via surface expression of P-selectin), and platelet counts. SRM STED imaging, and a platelet image classification procedure as outlined in this work, can be added to these features. STED imaging is currently quickly developing into a standard imaging technique, available also outside of the specialist labs. STED imaging of platelets, together with automated image analyses of specific protein distribution patterns within the platelets, can therefore become part of a platelet-based diagnostic battery for minimally invasive diagnostics and therapeutic monitoring of cancer.
Conclusions
It is well established that cross-talk between tumor cells and platelets plays a central role in tumor development and metastasis. Important information on how tumor cells can influence platelets has been acquired from proteomic studies, from changes in the amount of specific proteins within the platelets. Yet, many of the features and underlying mechanisms remain to be revealed and understood. In this study, we introduced STED SRM combined with dictionary learning and image reconstruction algorithms to explore if additional important clues can be obtained, by studying how specific proteins may re-distribute within the platelets upon various activations, including incubation of both cancer and non-cancer cells. We also set out to explore if cancer cell-induced activations of the platelets could be specifically identified from the protein distribution patterns in the STED images, as a possible basis for diagnostics.
In platelets incubated with cancer cells, we found that the cell-adhesion protein P-selectin redistributed into circular nano-structures, consistent with accumulation into the membrane of protein-storing alpha-granules within the platelets. These changes were to a significantly lesser extent, if at all, found in platelets incubated with normal cells, or in platelets subject to soluble platelet activators. Notably, due to insufficient labelling efficiency and spatial resolution, respectively, these nano-structures are not possible to analyze by electron or confocal microscopy. Based on the imaged distribution patterns of P-selectin in the platelets, we developed a classification procedure, whereby platelets exposed to cancer cells, to noncancer cells, soluble activators as well as non-activated platelets all could be identified in an automatic, objective manner. We thus conclude that STED imaging, combined with image analyses of specific protein distribution patterns within the platelets, can add important information for identification of specific platelet activations, and can have a role in future platelet-based cancer diagnostics and therapeutic monitoring. The presented approach can also bring further clarity into fundamental mechanisms for cancer cell-platelet interactions. This study also suggests the use of SRM together with analyses of spatial distribution patterns of proteins in cells to detect, analyse and better understand non-contact cell-to-cell interactions in general.
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S3. Machine learning
In the machine learning algorithm (implemented in Python using the Scikit package 39 ), the computer builds up a dictionary from a training set of images ( Figure 4A ). The dictionary consists of a set of image patches, in our case 30x30 pixel image patches corresponding to 300x300 nm regions. The patches are built in such a way that every training image can be well described (according to conditions described in 40 ) by a linear combination of the elements in the dictionary 40 . Now, to be used for classification the dictionary should be built on a large number of images, representative for the images to be classified. While this number should be as large as possible, we used 20000 training images, which is a feasible number to handle with the computing power of a standard PC. Given that we did not have access to a sufficient number of experimental platelet images (less than 1000 in total, or approximately 100 per category) to build such library, and the difficulties for computers to detect and classify images based on circular patterns, we applied a modified strategy. Rather than experimental STED images, the dictionary was based on 20000 computer simulated training images (4µm×4µm corresponding to 400x400 pixels), mimicking platelets with a random distribution of p-selectin. These images were generated using Matlab2013b and contained cluster like structures of dots (convolved with a Gaussian point spread function), varying in size between 20 and 40 nm, randomly and uniformly distributed (between 5 and 500 dots per image) within an elliptic area with minor and major axis randomly distributed between 1-4 µm in size and with different noise levels. The brightness of the dots was randomly distributed (such that signal-to-noise ratio took on values between 2 and 20) to resemble images of P-selectin in platelets displaying no circular patterns (see Fig. 2a ). Letting the computer train on such images, a dictionary could be established which can describe images containing no circular pattern, expressed as a linear combination of the elements in the dictionary. At the same time, images containing clear circular structures would not be as well described by the same dictionary. The experimental images and the extent to which they display circular structures could then be classified by how well (or bad) the dictionary can describe the images.
S4. Radial distribution
The analysis for radial distribution was done in MATLAB2013b by first calculating the center of mass for, CoM, of a given platelet, based on the intensity in every pixel in the image and given by the formula
S1
where ( CoM , CoM ) are the coordinates for the CoM within the image and Im( , ) is the pixel intensity at pixel ( , ) in the image. From the CoM straight lines were drawn outwards, towards the periphery of the platelet ( Figure 5A ). The intensity in every pixel on the line was stored in an array, thus creating an intensity trace ( ) for each line, where r is the distance from the CoM of the platelet ( Figure 5A ). Furthermore, the intensity traces were normalized such that the sum over all elements in ( ) equals one, i.e. ∑ ( ) = 1. For every platelet, 72 such intensity traces were constructed, i.e. the intensity traces for each individual platelet were registered along 72 lines, drawn from the CoM with an angle of 5° between them. For each intensity trace, we calculated the first and second order moment 1 and 2. 1 corresponds to the average distance from the center of mass in the direction of the particular intensity trace under consideration, and 2 is the variance of the distance of the same intensity trace. 1 and 2 are given by
Here r i is the pixel i at distance r from the CoM of the platelet and ( ) is the intensity trace taken along the j'th line ( Figure 5A ). In this way a total of 72 different values of 1 and 2
were calculated for each platelet.
S5. Platelet categorization, combining SSIM and radial distribution features
The probability for a test platelet to belong to an activation condition is given by the conditional probability that given certain set of parameters (in our case; SSIM, first order moment 1 and second order moment 2 of the radial distribution), what is the probability for a test platelet to belong to an activation condition/category c i = {resting, ADP, thrombin, TXA2, 184A1, MCF10A, EFO21, MDA-MB231, MCF7}. With the parameters for a test platelet labeled = { , 1, 2} then the probability for this test platelet to belong to category given the set is given by Baye's theorem as
S4
Here, ( | ) is the conditional probability for the test platelet to have the parameters s given the category c i , ( ) is the unconditional probability that the test platelet belongs to category c i and ( ) is the unconditional probability for the test platelet to have the parameters s. To estimate the probabilities on the right-hand side in equation S4 we constructed histograms for the parameters 1, 2, , including all platelets for each particular activation condition ( Figure 5C ), as well as histograms for 1, 2, including all platelets and all activation conditions ( Figure S3 ). These histograms where normalized such that the area underneath them equaled unity, so that they represented probability densities for the corresponding parameters.
The conditional probability ( | ) is calculated as the product of the probabilities of 1, 2, for each category c i, obtained from the histograms for each separate category ( Figure 5C ). It is important to note that both 1 and 2 are sets of 72 values for each platelet (i.e. one value for each of the 72 intensity traces in every individual platelet).
Therefore the probability for a set of values in the parameters 1 and 2, as well as SSIM, is given by
S5
The unconditional probability ( ) can be calculated as the classical probability given by the number of platelets in category c j divided by the total number of platelets. The second unconditional probability ( ) can also be estimated by equation S5, but now using the probabilities for a certain set of 1, 2, for all platelets (from all categories), as plotted in ( Figure S3 ). Each test platelet was then categorized into the category that gave the highest probability, given the parameters 1, 2, for that particular test platelet.
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Supplementary figures
Fig. S1 A: Representative raw STED images of platelets stained for Erp29 (green) and VEGF (red) for all activation conditions we investigated for these proteins. B: Representative raw STED images of platelets stained for fibrinogen for all activation conditions we investigated for these proteins. The platelets in A and B are not the same platelets since the STED setup we used is limited to at most two colors.
Fig. S3
A1: 72 lines, with an angle of 5° between them, drawn from the center of mass of a representative platelet stained for P-selectin (here the platelet was activated by co-culturing together with tumor cell-line EFO21). A2: An example of an intensity trace taken along one of the lines in A1 (this particular intensity trace corresponds to the horizontal line going from the center out to the right). B1: Histograms of the m1 parameters (as calculated by eqn. S2) constructed for each activation condition separately. B2: Histograms of the m2 parameters (as calculated by eqn. S3) constructed for each activation condition separately. C1: Histograms constructed of all values of m1 and m2 taken together for all the different activation conditions. C2: Histograms constructed of all of the SSIM values taken together for all the different activation conditions. All histograms were normalized such that the area underneath them equals unity and can therefore be regarded as probability densities.
